Accurate and timely information on soil salinity is crucial for vegetation growth and agricultural productivity in coastal regions. This study investigates the potential of using Wifi POGO, an in situ electromagnetic sensor, for soil salinity assessment over saline coastal regions in eastern China. The sensor readings, soil moisture, and temperature-corrected apparent electrical conductivity (ECa) were used to generate models for EC 1:5 (a surrogate for soil salinity) estimation. Two salty areas with distinct soil textures, sandy loam (Shuntai) and clay (Dongxin), were selected. This study revealed that the difference between soil salinity and the in situ measured soil ECa (i.e., EC 1:5 -ECa) had a strong curvilinear relationship with soil moisture. Such a relationship allows for the direct estimation of soil salinity from soil ECa with the aid of soil moisture information. Both ECa and soil moisture can be measured in situ using a Wifi POGO, a low-cost ground-based soil sensor. By using the leave-one-out cross-validation (LOOCV), the achieved root mean square error (RMSE) and relative RMSE (RRMSE) in EC 1:5 estimation were 0.0109 S/m and 19.24% respectively in Shuntai, and 0.0157 S/m and 16.05%, in Dongxin. This new method offers a simple, cost-effective and reliable tool for assessing soil salinity in dynamic coastal regions.
Introduction
Soil salinization is a widespread and serious issue worldwide, especially in arid and semi-arid inland areas and humid coastal regions. Salt-affected areas cover about one billion hectares, approximately 7% of the earth's continental surface [1] . In addition to these natural salt-affected areas, there are 77 million hectares of salinized land, resulting from human activities, especially in fields that are extensively irrigated with bad-quality water and are poorly drained [2] . China has a total of 36 million hectares of saline soils, equivalent to 4.88% of the country's total available land [3] . China's saline soils are mainly distributed in the arid northwest and humid east coast.
In general, soil salinity affects plants through osmotic stress and ion toxicity [4] . Osmotic stress disrupts plants' water uptake [5] whereas ion toxicity hampers enzymes responsible for metabolic processes including photosynthesis [6] , leading to reduced crop yield [7] . Information on soil salinity is critical for assessing soil suitability for plant growth and agricultural productivity [8] . Keeping track of changes in soil salinity can help making well-informed management decisions to reduce salinity-induced stress on plants [2] .
A saline soil is defined as having the electrical conductivity (EC) of the saturation extract (ECe) in the root zone that exceeds 0.4 S/m (approximately 40 mM NaCl) at 25 • C and exchangeable sodium of 15% [9] . To determine soil salinity, soil samples were usually collected in situ and transported to a laboratory for analysis. Soil salinity is generally measured by ECe in the laboratory [8] following the standard method established by the United States Department of Agriculture [10] . ECe is better linked with plant response under salinity stress than other indices [11] . However, preparing saturated soil-paste extracts requires highly skilled laboratory technicians [8, 12] , and the quality of the paste has a direct impact on the ECe readings. Hence, the electrical conductivity of the 1:5 soil:water extracts (EC 1:5 ) is widely used to determine the soil salinity instead of ECe in some countries such as Australia, China, and Central Asia [13] because the 1:5 soil:water extracts are faster and easier to prepare [8, 14] .
However, the ECe or EC 1:5 measurement approach is expensive, time consuming, and labor intensive [15] , making it unsuitable for intensive and extensive soil salinity assessments over large areas. To develop a fast and efficient method for measuring soil salinity, ground-based electromagnetic induction meters have been applied to measure the root substrate electrical conductivity in the field by inducing an electromagnetic field in a volume of soil between the transmitter and receiver coils [16] . Such an in situ derived soil apparent electrical conductivity (ECa) was used as a surrogate for soil salinity. For instance, Valdes et al. [17] used HydraProbe (Stevens Water Monitoring Systems, Inc., Portland, OR, USA) to measure soil bulk electrical conductivity for better saline irrigation management in the production of potted poinsettia. Li et al. [18] used EM38 (Geonics Ltd., Mississauga, ON, Canada) to study the vertical distribution of soil salinity in a coastal farm in eastern China.
The aforementioned studies aimed to obtain information on soil salinity without taking soil samples and conducting laboratory analysis. However, different from ECe or EC 1:5 , ECa cannot be referred to as soil salinity because it is also affected by soil moisture and temperature [19] [20] [21] . Previous studies assumed that soil salinity was the main factor influencing ECa. For example, Williams and Baker [22] reported that soil salinity alone could explain 65 to 70% of the variance in ECa in saline areas. Sun [23] reported that soil salinity had much higher effect on ECa than soil moisture did. Farahani et al. [24] reported that soil salinity was the main cause of ECa variability in saline fields, while ECa maps could be viewed as surrogate maps for soil moisture, clay, and/or organic matter content in non-saline fields. In situ measured ECa has simply been converted to ECe or EC 1:5 through regression equations [25] [26] [27] [28] [29] .
The efficacy of these regression models requires further investigation because variations in soil condition can significantly affect the accuracies of such conversions [16] . Metternicht and Zinck [2] suggested the establishment of a proper regression for a specific soil moisture condition to better convert ECa to ECe or EC 1:5 . However, these approaches are not practical, especially in humid saline coastal regions, such as those of eastern China, because of the large spatial variabilities in soil moisture within a short distance.
This study investigated the potential of using Wifi POGO (Stevens Water Monitoring Systems, Inc., Portland, OR, USA), a low-cost ground-based portable wireless electromagnetic soil sensor, for accurate soil salinity estimation. Wifi POGO, with built-in Wifi, is able to provide information on several key soil parameters like soil moisture and temperature-corrected ECa. The objective of the present study was to develop a Wifi POGO-based method to effectively and accurately retrieve EC 1:5, a surrogate from in situ measured soil ECa and soil moisture data in dynamic saline coastal regions.
Materials and Methods

Study Areas and Data Acquisition
Two study areas, representative of two major soil types of the region, were selected in Jiangsu Province of eastern China (Figure 1 ). The Shuntai study area covers a 50 × 170 m segment of Shuntai Farm (33.692955 • N, 120.383896 • E), Yancheng City. Its soil type is salty sandy loam [30] . Its annual mean temperature and rainfall are 13.8 • C and 1000 mm, respectively [31] . The Dongxin study area is a 600 × 1400 m segment of Dongxin Farm (34.566993 • N, 119.438438 • E), Lianyungang City. Its soil type is salty clay [32] . Its annual mean temperature and rainfall are 14.3 • C and 901.4 mm, respectively [33] . Both study areas, former salterns, belong to humid subtropical monsoon climate. Most precipitation occurs between June and September in the form of rainfall.
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The EC 1:5 method, which is widely used in China, was adopted to determine soil salinity instead of ECe [13] following Yao et al. [34] at the temperature of 25 • C in laboratory. Soil samples were air-dried, ground, and passed through a 2-mm sieve. The soil suspension (20 g soil:100 mL ultra-pure water) in a beaker flask with cap was agitated by a constant temperature shaker for 5 min. After being left to stand for 30 min, the supernatant was carefully decanted into a tube and centrifuged at 3000 revolutions per minute (RPM) for 5 min. Then, the supernatant liquid in the centrifuge tube was measured to determine the EC 1:5 directly with a conductivity meter (Model: Leici DDS-307A; Shanghai Precision & Scientific Instrument CO. LTD, Shanghai, China).
Soil sample properties including soil texture, minimum, maximum, and mean values of the measured soil moisture, ECa and EC 1:5 are listed in Table 1 for each study area. The two study areas had similar ranges of soil moisture and ECa values, but quite different variations in EC 1:5 values. 
Data Analysis
For each study area, the relationships among the variables (ECa, EC 1:5 , soil moisture and the difference between EC 1:5 and ECa) were modeled through non-linear regression. EC 1:5 was then derived from the in situ measurements of ECa and soil moisture.
Model validation was conducted using the leave-one-out cross-validation (LOOCV) technique. LOOCV is well accepted to perform an unbiased assessment of the estimation capacity of a given model [35] . The model goodness-of-fit was assessed by comparing the root mean square error (RMSE) and relative RMSE (RRMSE) obtained from the LOOCV procedure.
RMSE and RRMSE were calculated as follows:
where E i and M i are estimated and measured EC 1:5 values, respectively, and n is number of samples.
Results and Discussion
Relationships between ECa and EC 1:5
Results from this study revealed that EC 1:5 exhibited positive correlations with in situ measured ECa in both study areas ( Figure 2 ). However, the coefficients of determination (R 2 ) were only 0.58 and 0.40 when using polynomial models in the study areas of Shuntai and Dongxin, respectively. This implies that soil salinity cannot be accurately estimated using ECa alone. 
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In situ measured soil ECa exhibited strong positive correlations with in situ measured soil moisture in both study areas (Figure 4 ). Soil moisture explained 90.7 and 74.6% of variability in ECa using polynomial models in Shuntai and Dongxin, respectively. Hence, in situ measured ECa was largely impacted by soil moisture, rather than by soil salinity. Figure 3 shows that EC 1:5 exhibited positive correlation with in situ measured soil moisture in Shuntai. However, soil moisture only explained 35.9% of the variability in EC 1:5 using a polynomial model. In Dongxin, EC 1:5 did not exhibit significant correlation with in situ measured soil moisture (p > 0.05). 
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EC 1:5 -ECa exhibited strong negative correlations with soil moisture for both study areas ( Figure 5 ). Soil moisture explained 93.6 and 79.0% of variability in EC 1:5 -ECa using polynomial models in Shuntai and Dongxin, respectively. In other words, the difference between soil salinity and in situ measured ECa was dominated by soil moisture. Figure 5 . Relationships between EC1:5-ECa (i.e., the difference between EC1:5 and in situ measured soil ECa) and in situ measured soil moisture for the two study sites.
This suggests that soil moisture increased the ECa values at a specific soil salinity level, which was consistent with the findings by Hanson et al. [37] . More importantly, this study found that soil moisture explained 93.6 and 79.0% of the variability in EC1:5-ECa depending on the study area. Thus, incorporation of the in situ measured soil moisture into the modeling approach can lead to increased accuracy in estimating EC1:5-ECa. Subsequently, EC1:5 can be derived from in situ measured soil ECa with soil moisture incorporated.
Although EC1:5-ECa had strong curvilinear relationships with soil moisture, the regression coefficients were different between the two study areas, confirming the effects of soil type on ECa [21, 38] .
Deriving EC1:5 from In Situ Measured Soil ECa and Moisture
Since EC1:5-ECa was dominated by soil moisture, EC1:5-ECa can be accurately estimated from in situ measured soil moisture. In other words, EC1:5 can be determined from soil ECa and soil moisture, both of which were measured in situ using Wifi POGO.
Using LOOCV, a polynomial relationship was established between EC1:5-ECa and soil moisture for Shuntai as follows: EC1:5-ECa = −0.959843202 × moisture 2 + 0.208238812 × moisture + 0.013183444
where EC1:5-ECa is in S/m, moisture is in wfv, R 2 = 0.94, P < 0.001 and n = 64. For Dongxin, a polynomial relationship using LOOCV was also established between EC1:5-ECa and soil moisture as follows: EC1:5-ECa = −0.706711836 × moisture 2 + 0.128015443 × moisture + 0.053617606 (4) where EC1:5-ECa is in S/m, moisture is in wfv, R 2 = 0.79, P < 0.001 and n = 54. Then, EC1:5 can be calculated using the measured ECa. The scatter plots of measured EC1:5 against estimated EC1:5 show that the data points are close to the 1:1 line ( Figure 6 ). The achieved RMSE and RRMSE were 0.0109 S/m and 19.24%, respectively in Shuntai, and 0.0157 S/m and 16.05%, respectively in Dongxin. This suggests that soil moisture increased the ECa values at a specific soil salinity level, which was consistent with the findings by Hanson et al. [37] . More importantly, this study found that soil moisture explained 93.6 and 79.0% of the variability in EC 1:5 -ECa depending on the study area. Thus, incorporation of the in situ measured soil moisture into the modeling approach can lead to increased accuracy in estimating EC 1:5 -ECa. Subsequently, EC 1:5 can be derived from in situ measured soil ECa with soil moisture incorporated.
Although EC 1:5 -ECa had strong curvilinear relationships with soil moisture, the regression coefficients were different between the two study areas, confirming the effects of soil type on ECa [21, 38] .
Deriving EC 1:5 from In Situ Measured Soil ECa and Moisture
Since EC 1:5 -ECa was dominated by soil moisture, EC 1:5 -ECa can be accurately estimated from in situ measured soil moisture. In other words, EC 1:5 can be determined from soil ECa and soil moisture, both of which were measured in situ using Wifi POGO.
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where EC 1:5 -ECa is in S/m, moisture is in wfv, R 2 = 0.94, P < 0.001 and n = 64. For Dongxin, a polynomial relationship using LOOCV was also established between EC 1:5 -ECa and soil moisture as follows:
where EC 1:5 -ECa is in S/m, moisture is in wfv, R 2 = 0.79, P < 0.001 and n = 54. Then, EC 1:5 can be calculated using the measured ECa. The scatter plots of measured EC 1:5 against estimated EC 1:5 show that the data points are close to the 1:1 line ( Figure 6 ). The achieved RMSE and RRMSE were 0.0109 S/m and 19.24%, respectively in Shuntai, and 0.0157 S/m and 16.05%, respectively in Dongxin. Overall, in humid saline coastal regions, such as those of eastern China, fields exhibit large heterogeneity in soil moisture. As ECa is dominated by soil moisture, omitting soil moisture variations will lead to biased ECe or EC1:5 estimates. The newly proposed method incorporates soil moisture values directly from in situ measurement into the equation, which is easier for operational implementations than the approaches in previous studies that require classifying soil moisture conditions into discrete categories (e.g., [36] ) or establish a proper regression for a specific soil moisture level to convert ECa to ECe or EC1:5 (e.g., [2] ).
It should be noted that the new method only incorporated the dominant factor of soil moisture into the model, and other ECa impacting factors such as soil organic matter and metal contents are not considered [24, 39] .
Conclusions
In situ measured soil ECa was largely controlled by soil moisture rather than soil salinity (i.e., EC1:5) in both study areas in saline coastal regions of east China. Under such condition, ECa alone could not be used to accurately estimate soil salinity. This study found that the difference between soil salinity and in situ measured ECa (i.e., EC1:5-ECa) was largely affected by soil moisture. Their relationship could be fitted by polynomial models. Such relationship allows for accurate estimation of soil EC1:5 from soil ECa and soil moisture, both of which can be measured in situ using a Wifi POGO soil sensor.
Although the coefficients of the developed polynomial regression models vary with soil types, the method developed in this study is feasible for applications in saline coastal regions of eastern China. It is anticipated that future research will include further validation of this method over other soil types to broaden the validity range of the model. In addition, other soil properties such as organic matter and metal contents will also be incorporated into the model to further improve the estimation accuracy of soil salinity. Overall, in humid saline coastal regions, such as those of eastern China, fields exhibit large heterogeneity in soil moisture. As ECa is dominated by soil moisture, omitting soil moisture variations will lead to biased ECe or EC 1:5 estimates. The newly proposed method incorporates soil moisture values directly from in situ measurement into the equation, which is easier for operational implementations than the approaches in previous studies that require classifying soil moisture conditions into discrete categories (e.g., [36] ) or establish a proper regression for a specific soil moisture level to convert ECa to ECe or EC 1:5 (e.g., [2] ).
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